This paper presents four sets of econometric models for time use decisions (durations and start times) regarding the basic, regular and committed components (skeleton) of workers' daily life: gap before work, work, gap after work and night sleep. Then the paper compares two types of models for each component: multilevel linear model and continuous time hazard models. The multilevel models consider three-level random effects (temporal, personal and household) and the hazard models consider individual-based unobserved heterogeneity. Based on performance in fitting observed data, hazard models are selected for the first three components and a multilevel model is selected for the last component. For parametric hazard models, the Gompertz distribution shows promising performance in fitting activity data. The models are estimated by using 2002-2003 Toronto CHASE data. Khandker M. Nurul Habib and Eric J. Miller 
INTRODUCTION
The daily activity scheduling process can be started with some preplanned activities with probable schedules. [1] Given the preplanned schedule, event-driven activities can then be accommodated dynamically with possible adjustments within the preplanned schedule. [2] Three major approaches to modelling activity-scheduling process exist: utility-based, rule-based and hybrid processes. All either directly or indirectly recognize the existence of preplanned activities. Utility-based approaches use random utility maximization (RUM) theory to select alternative activity patterns as a whole, [3] rule-based approaches use heuristic rules to set different activity episodes within the gaps of preplanned schedule, [4] and hybrid approaches use a combination of RUM theory and heuristic rules to arrange the activity episodes within the predefined frame. [5] In all cases, the starting points are a set of fixed activities that create the nucleus for the scheduling process. This "fixed" component of an activity schedule is often called the skeleton schedule. [6] Skeletal components of the activity schedules act as temporal pegs around which the flexible or event-driven activities are organized. [7] The temporal pegs represent the temporally fixed commitments of the individuals. [8] Considering activities that occupy considerable portions of a 24-hour day and that are more or less fixed and regular in nature, night sleep and work episodes can be considered the simplest and minimum form of the activity skeleton for a worker's daily life. As the travel behaviour associated with the entire activity scheduling process is very complex, [9] considerable care is necessary to model the components of the skeleton schedule (start time, durations etc.). On the other hand, this very bottom level of activity-travel demand models should be sensitive to different policy impacts. The uses of empirical distributions of start time-duration to generate random draws of the skeletal components [for example, 10] make this first stage of activity-travel scheduling models insensitive to different policy impacts. To accommodate the issues of policy sensitivities and dynamic behaviour within the skeleton formation, this paper presents a modelling system for workers' daily skeleton schedule formation (Skeleton for Workers Daily Activity Schedule: SWDAS) considering the full-day scheduling cycle. The main design criteria of SWDAS are to support both single-day and weeklong activity scheduling. For a single-day activity scheduler it provides the nucleus for scheduling capturing the within-day dynamics and trade-offs in activity behaviour. For a weeklong scheduler it also accommodates the day-to-day dynamics of activity behaviour including learning and adaptation. SWDAS divides workers' daily activity skeleton into four components:
1. Duration between the time the worker wakes up and the time he/she goes to work ("before work gap"). Given the time the worker wakes up, this duration defines work start time. 2. Work duration. 3. Duration between the end of the worker's workday and the time he/she goes to sleep ("after work gap"). Given the time the worker stops working, this duration defines night sleep start time. 4 . Night sleep duration. The graphical presentation of the components described above is shown in Figure 1 .The models are developed using a continuous time representation. In the current paper, the mathematical details and empirical estimation results of the four sub-models are presented. However, it should be mentioned that SWDAS deals with time use decisions only: start time and duration of the skeleton components. The activity episode location and mode choice decisions are modelled separately and are out of the scope of this paper. SWDAS components take the perception (prior belief) of travel model, travel time and other locational attributes as input covariates. For singleday activity scheduling priori beliefs would be derived from the base year observed distributions, while for multi-day activity scheduling the previous day attributes would be carried forward as experience and belief for the subsequent days. The objective of this approach to modelling is to accommodate within its scope the day-to-day learning and adaptations in activity behaviour. Another starting input is the before work gap start time. For single-day scheduling this would be simulated from base year observed distributions but for multi-day scheduling the end time of night sleep from the previous evening would be the start time of the next day before the work gap start time.
The rest of the paper is organized as follows: the next section gives a brief literature review on skeleton schedule modelling and then describes the approaches taken in SWDAS, followed by the sections describing the mathematical formulations of the sub-models and empirical results using 2002-2003 Toronto activity survey data. The paper concludes with a summary of important results.
MODELLING WORKERS' SKELETON ACTIVITY SCHEDULE
The operational activity-based modelling system ALBATROSS models the skeleton schedule explicitly. [14] It uses a decision-tree algorithm to derive skeletons from observed activity diary data and considers only the work episodes as the skeletal components of workers' daily activity skeleton. The decision-tree algorithm used in ALBATROSS is a data-driven approach that defines exhaustive sets of possible condition variables and selects the variables relevant for the homogeneous condition states and corresponding decision tree for work episode start times and durations. Such a data-driven approach can lead to inaccurate relationships or relationships by chance, if the conditioning variables do not have clear relationship with the decision variable. [15] This is a serious problem in the case of modelling human decision-making processes. [16] The econometric modelling system CEMDEP [for details see, 17] also uses only work episodes as the pegs to define the workers' skeleton pattern. It models the start time-duration of this skeletal component considering different socioeconomic variables, but it uses the discrete time representation.[see 18] The discrete time representation of the skeleton components causes temporal aggregation, which might be exaggerated farther at the end of the scheduling process.
FAMOS (Florida Activity Mobility Simulator) [19] also considers the work episode of the workers as the only skeleton component of their daily activity schedule. It uses observed distributions to simulate the start time-durations of the skeletal components randomly. Use of observed distributions always requires some index variables to identify different market segmentations. The relationships between index variable (e.g. age, sex, income etc.) and the objective variable of concern (e.g. start time, duration etc.) are not defined econometrically. Apparently intuitive index variables may not have significant relationship with the objective variable of concern. Use of such method reduces sensitivities of the models to different testing policy measure and may lead to spurious conclusions.
None of the above-mentioned models deals with the full day cycle. Considerable adjustments, however, take place throughout the week between night sleep and other activities. So considering night sleep together with work episodes to develop workers' skeleton schedule helps to capture both day-to-day and within-day dynamics of activity scheduling. The current implementation of TASHA (Travel-Activity Scheduler for Household Agents) [for details see, 10] uses the same approach as in FAMOS to derive the fixed or less flexible components of the activity schedule. The SWDAS presented in this paper is designed to replace the empirical distribution method in the next version of TASHA. To overcome all of the above-mentioned criticisms SWDAS considers time as a continuous variable over the entire 24-hour period. Two econometric methods are considered to develop the sub-models of SWDAS: multilevel linear models and continuous time hazard models. This paper reports both of the approaches and compares the empirical results. In multilevel linear models three levels are considered: household level, personal level and temporal level of the person. In continuous time hazard model individuals' temporal variation of activity behaviour is modelled as person-based shared frailty model with household level covariates. The best model for each component is selected based on the goodness-of-fit measure, the pseudo R 2 value.
MATHEMATICAL FORMULATIONS OF THE COMPONENT MODELS
Individuals' time allocation to different activities is very much influenced by the household, within which they reside. [20] Modelling household-based time allocation behaviour is not always possible due to data deficiencies. Individual-based activities diaries often do not include all household members. [21] So, the challenge is to model personal-level time allocation behaviour considering household-level effects. The multilevel linear modelling technique is a promising tool to consider household-based effects (fixed and random) on an individual's time allocation behaviour. [22] In our case, the consideration of a multilevel modelling approach is justified because persons are nested in a household and the same person has multi-day observations within the dataset. In this paper, the multilevel model for time allocation to skeletal components is designed in a three-level structure: the household level, the person level within household and the temporal level of individual persons. On the other hand, hazard-based event history analysis can also incorporate individuallevel unobserved heterogeneity. [23] The distinction of hazard-based analysis over multilevel linear models is the nonlinear approach and consideration of a hazard rate to determine the duration of the event. The following sections describe both multi-level linear models and hazardbased duration models considered in this paper.
Multilevel Linear Model For Duration
The multilevel models considered in this paper are hierarchical linear models for continuous dependent variables. The lowest level is the temporal level (day of week), i of the individual and the highest is the household of the individual, k. So, the second level is the individual him/herself, j of concern. In this paper, in addition to fixed effects, the influence of higher levels are modelled as random intercepts. Higher-level random effects may also be considered in terms of random coefficients of some variables in addition to the level-specific random intercepts [for details see 24, 25] . However, in our case, it is seen that the incorporation of random coefficients for personal and household level variables does not improve the model significantly and no random coefficient becomes statistically significant. So, level-specific random intercepts are considered in this paper.
For a particular event, the duration D at day i for individual j in household k is: 
These random effects represent the corresponding level-specific predictors that have not been measured by fixed-effect variables. Here Level-1 units are nested within Level-2 units and Level-2 units are nested within the Level-3 units. The random terms are assumed to be uncorrelated with each other and with the covariates to yield a compound symmetrical structure of the residual matrix within households, with all household members having the same variance. This also gives the same correlation for all pairs of members of the same household conditional on the fixed covariates [for details see, 26, 27] . Given these random and fixed effects, the parameters are estimated by full information maximum likelihood: both variance components and fixed effects are estimated by means of maximum likelihood. As opposed to this method, another one could be a restricted likelihood method in which variance components are estimated by maximum likelihood and then the fixed effects are estimated by the generalized least square method given those variance estimates. However both two methods give similar estimation results [for example, see 22] .
The likelihood function to be estimated is based on the probability density of the highestlevel observation (level-3). So, the log-likelihood to be estimated is
Here the responses of individual persons within household, k are independent to one another given the random effect vk and the responses of individuals of household, k at temporal level (Level-1) are independent to one another given the random effects ujk and vk . The observed dependent variable is of the lowest level response variable representing the conditional expectation given the covariates and upper level random effects. For the normal distribution assumption of the sampling data at first level, the inverse of the conditional expectation (known as link function that maps the mean values of the responses to the linear predictors) is an identity function. 
Another important point, which is common in all multilevel models, is that the Level-2 and Level-3 effects are mutually independent.
[28] The likelihood functions described above can be solved by the Gaussian-Hermit quadrature numerical integration method. However, adaptive quadrature is more efficient and reduces the number of total integral points required [for details see, 29] . This paper uses adaptive quadrature method with the Newton-Raphson algorithm to solve the parameters iteratively [for details see 27, 30, 31] . The significance of the estimated covariate parameters and the variances of the random effects are evaluated by t-tests (considering 95% confidence levels the standard value is 1.64). The overall significance of the model against null model is tested by the likelihood ratio test, where,
is Chi-squared distributed. The goodness-of-fit is measured by the pseudo R 2 value, which is
Event History Analysis Models
Event history analysis models are widely known as hazard models. Hazard models recognize the dynamics of activity episode duration by considering the conditional probability of termination of the episode influenced by different covariates. The basic details of hazard models are available in a variety of references [for example see, 32] . In this paper we only consider the continuous time hazard model. Continuous time hazard models can be divided into two basic types: semiparametric and parametric hazard model.
The basic assumption of semiparametric models is the proportional hazard rate: covariates have multiplicative effect on the nonparametric baseline hazard rate. The unobserved heterogeneity across the specified groups can be accommodated as a multiplicative function. 
The unobserved heterogeneity is considered to have a Gamma distribution with 0 mean and variance θ. This assumption gives a closed form of the likelihood function used to estimate the parameter of the covariates as well as θ. The variance of the random distribution, θ, measures the degree of within-household correlation. If the αj of equation (2) is expressed as a logarithmic function (let log(αj) = ν) then it becomes, ) exp(
This model does not contain any constant term because it is homogeneous to degree 0 in number of covariates and the parameters are estimated by partial likelihood method. The partial likelihood method is based on the assumption that the time interval between the events does not contribute any information about the relationship between the covariates and baseline hazard rate. For details of the estimation process see [30, 33] .
Unlike semiparametric models, parametric hazard models parameterize the baseline hazard rate. If the survival time of the event is expressed as a function of covariates:
Then it is called an accelerated time hazard model, while if the baseline distribution is expressed as parametric function multiplied with covariate function then it is called a proportional parametric hazard model, (this is same as equation 1 but unlike semiparametric model, the h0(t) is a parametric function). In this paper both proportional and accelerated time parametric hazard models are developed. For accelerated time models, the distributional assumption of the error tern in equation 5 yields different types of model. In this paper Weibull, log-logistic and lognormal distributions are considered. The survival functions of the corresponding models are:
Here p, γ and σ are ancillary parameters of the corresponding distribution functions. For the proportional parametric hazard model, the Gompertz distribution is considered. The survival functions of the Gompertz proportional parametric hazard model is
Here γ is the ancillary parameter of the Gompertz distribution. The positive value of γ indicates an increasing hazard rate with time, while a negative value indicates decreasing hazard rate with time. When the value of γ is zero then the Gompertz model reduces to the exponential model. 
EMPIRICAL RESULTS
This section describes the estimation results of four sub-models of SWDAS based on activity diary data from a 2002-2003 Toronto CHASE survey. For details of this survey see [11, 12, 13] . The sample selected from the survey data consists of 916 complete daily observations of 259 individuals in 198 households. This sample is selected considering the complete whole day information. The individuals are either full-time or part-time workers having complete activity information of the whole day as well as other socio-economic information of concern. The sample data covers an entire week, but not all individuals have data for the whole week. The variables considered are related to activity, person and household. The details of individual variables incorporated in the models are discussed in the following sections. It should be mentioned that although some variables show statistical insignificance, they are kept in the model based on importance of the variables and considering the small sample size used in this analysis (i.e., with a larger sample size these variables might be significant). It should be mentioned that all durations are expressed in minutes, all start times are expressed as fractions of 24 hours stating from 12 midnight, and weekly frequency indicates the number of working days per week. In terms of job sectors: service industry, manufacturing, business serviceadministration and food service enter into the work duration model as dummy variables. Table 1 summarizes three models for this component. In the multilevel linear model, the household level random effect is not significant. The significance of the variance in personal and temporal level in multilevel model justifies the unobserved heterogeneity assumption in the other two hazard models in the table. Also the null hypothesis regarding the unobserved heterogeneity in these two models is rejected. This indicates the day-to-day dynamics in work start time of the same individual. The value of θ is much higher than 0, so it seems that a considerable amount of an individual's behaviour is unobserved and cannot be explained by the information available from the survey data. Likelihood ratio tests justify all three models described in this table, but the pseudo R 2 value is the highest for Gompertz proportional parametric hazard mode. So the selected model is the Gompertz proportional hazard model. The positive value of γ of the selected model indicates increasing hazard rate of the before work gap duration with time.
Models For Time Gap Before Work: Work Start Time
In terms of the covariates of the selected model, start time is the most significant variable after the constant term. Start time of the before work gap duration, or, in other words, the end time of night sleep has a positive influence on the duration and negative influence on the hazard rate. A higher number of work episodes in the day also results in longer gaps before starting the first work episode. The total time spent for work in the previous day negatively influences the current day before-work gap duration. Both auto and transit commuters have shorter gaps before work compared to those who walk or use bikes to go to work. However, transit users have less before work duration than auto users. Higher number of possible work locations and higher weekly work frequency increase before-work gap duration. Temporal flexibility of work duration results in earlier work start times. Males start work earlier than females. Single adults at home, adult children and other adults in household start work earlier than adults with partners in the household. Full-time employees start work earlier than part-time employees. People with job locations other than home start earlier then the people with at-home jobs. Household size influences the before work-gap duration positively, but a greater number of children in household has the negative effect. Table 2 summarizes three models for work duration. As for the previous component, the household level random effect is not statistically significant in the multilevel model. The temporal and personal level random effects in the multilevel model are significant and justify the higher value of θ (very much greater than 0) in the Gompertz proportional parametric hazard model (although the log-logistic distributional assumption of baseline hazard rate gives very low θ value in the log-logistic hazard model and the null hypothesis is accepted). A likelihood ratio test justifies all of the three models described in this table, but the pseudo R 2 value is the highest for Gompertz proportional parametric hazard model, which is, therefore, the selected model. The positive value of γ of the selected model indicates the increasing hazard rate of work duration with time.
Models For Work/School Duration
In terms of the covariates of the selected model, the day-specific dummy variables indicates people work longer time on Monday and Friday, which are assumed to be the first and last day of the working week. This indicates a typical weekday-weekend trade-off in a worker's daily life. The total gap-duration before work negatively influences the work duration. The start time of work is the most significant variable after the constant term. It indicates people starting work late work shorter in terms of total work durations of the day. In the case of multiple work episodes per day, a higher number of work episodes reduce the total time allocation to work for that day. Total work duration of the previous day influences the present-day total work duration positively but the effect is not very much (very low coefficient value). Commuting time has a negative effect on the duration of work episode and both auto and transit users tend to work shorter durations compared to the others who walk or use bikes to go to work. However, transit users work longer than the auto users. Higher number of possible work locations and higher weekly work frequency both reduce total work duration. Temporal flexibility of work duration influences people to work longer time. Males work longer than females. Single adults at home and adults with a partner at home work shorter durations compared to the adult children and other adults in the household. Full-time employees work longer durations than part-time employees and people having an at-home job work shorter durations than the people having outof-home job locations. According to job classification, people in the service industry, manufacturing sectors, food service sector (hotels, bars and restaurants), and business serviceadministration work longer durations than people in other sectors. Within these 4 job sectors, people in food service sectors work longer than the people in the other 3 sectors. Income has a positive influence on work duration. Household size influences the work duration positively but a greater number of children in the household has a negative effect. Table 3 summarizes three models for this component. In the multilevel linear model the household level random effect is not significant. Although the variances in personal and temporal level in the multilevel linear model are statistically significant, the unobserved heterogeneity assumption in terms of θ values in the two hazard models in the table are not statistically significant (the null hypothesis is accepted). The reason for this may be the accommodation of the heterogeneity by the distributional assumption in the hazard models. This is justified by the pseudo R 2 of the hazard models. The pseudo R 2 of Log-logistic accelerated time hazard model is the highest, 0.64 and it is the selected model for this skeleton component.
Models For Time Gap Before Night Sleep: Night Sleep Start Time
In terms of the covariates of the selected model, the before work gap duration is the most significant covariate. It seems that people who start the late go to sleep late. On the other hand, total work duration of the day and the total number of work episodes influences the after-work gap duration negatively. Full time employees have longer gaps after work in comparison to part time employees. High-income people have longer after-work gaps than low-income people; having a driving license increases the opportunity to be involved in other activities and thereby increases the after-work gap duration, but the number of autos per household shows a negative influence on it. Both household size and the number of children influence the after work gap duration positively. Table 4 summarizes three models for this component. For this component, two types of hazard models are investigated: semiparametric and lognormal accelerated time hazard model. The performance of the parametric hazard model is the poorest. In this model, the assumption of unobserved heterogeneity is not statistically justified and the pseudo R 2 value is also very low. This may be due to the inappropriate assumption of the baseline hazard rate (although the lognormal distribution shows the best result among all other distributions considered during this analysis). On the other hand the semiparametric hazard model does not assume any baseline hazard distribution, so it performs better than the parametric hazard model in terms of pseudo R 2 value. Also the very high value of θ (higher than 1) and its statistical justification indicates the reason of the poor performance of the parametric hazard model (a larger portion of the behavioural factors are unexplainable by the observed covariates data and hence makes the baseline hazard rate too unstable to fit into a particular distributional assumption). But still the goodness-of -fit of the semiparametric hazard model is very low (0.02). In this case, the multilevel linear model performs the best. The assumed random effects of all of the three levels considered in this model are statistically significant and the pseudo R 2 value is reasonable (0.13) compared to other models. This implies the duration of the night sleep is very much influenced by personal and household level factors that are not explained by the covariates available from activity diary data set. So the multilevel linear model is the selected model for this component.
Models For Night Sleep Duration
In terms of the covariates of the selected model, the start time is the most significant variable. The interpretation of this start-time coefficient needs some care. The starting time is assumed on a continuous scale as fractions of 24 hours. The value of start time is 1 at midnight and at that time this variable has the maximum effect. Start times before midnight have lower effects in decreasing order farther from midnight and the start times after midnight also have lower effect than midnight, but with increasing order farther from the midnight. The gap after work before the starting of the night sleep also has high influence on the night sleep duration and it is negative. The variable indicating the individual's age and sex are not significant statistically at all. Single adults at home sleep longer than adults with partners at home, adult children and other adults. Also, no household-related variables show statistical significance.
The overall comments on all four components models should include: the night sleep model contains the least number of fixed covariates, but only this component model captures the unobserved random effects of all three levels considered in the modelling system (temporal level of individual, person specific level and the household level). For all other components, the household-based random effect is not statistically significant. In terms of goodness-of-fit, the model for gap duration after work shows the best fit of observed data followed by work duration component. Remarkably, however, it incorporates no unobserved heterogeneity. The night sleep duration model and gap before work duration model show similar fit to the observed data. Other than the night sleep duration model, the other three component models are hazard model (nonlinear). The application of the Gompertz distribution for parametric hazard models shows promising results. The Gompertz distribution is a very flexible growth model, which is basically the truncated Type-I extreme value distribution and its flexible nature enables it to fit the complete range of sigmoid curves (Gumbel) [for details see 34, 35] . The application of the Gompertz distribution in this paper yields higher fits to observed activity data, especially for fixed commitment type of activities, where the conventional distributional assumptions often fail to give desired result. [32] In terms of covariates, the start time of the episode of concern show negative influence on the duration of the events except for the gap before work duration. Among the all models, the competition between motorized (auto and transit) and nonmotorized (walk and bike) for commuting is clearer rather than competition between autos and transit. Within auto versus transit competition, transit has higher absolute coefficient values. Total work duration of the previous day influences workers to start later but work longer. One important finding is that the personal attribute 'age' does not enter in any model significantly. This contrasts with models in the literature in which age is the most commonly used index variable in operational activitytravel scheduling models to derive start time-duration of the skeleton activities from the observed distributions.
CONCLUSIONS
This paper describes an econometric modelling system with empirical estimation results to generate skeletal components of workers' daily life. The approach considers the 24-hour scheduling cycle to capture day-to-day dynamics of workers daily activity scheduling process. The modelling system divides the workers' daily life into four components: Gap before work, Work, Gap after work and Night sleep. The component models consider previous day total work duration as a covariate. In order to model the individual components of the system, two econometric methods are considered: multilevel Linear model and hazard-based event history analysis models. Multilevel linear models consider individual observations nested in three levels: the temporal level, the personal level and the household level. The hazard models adopt the individual-based shared frailty approach (group based unobserved heterogeneity). The paper reports three best models for each component selected according to the goodness-of-fit to observed data. The model having the highest goodness-of-fit among the three candidate models is then selected for inclusion in SWDAS. Thus, for the gap before work and work duration components: the Gompertz proportional parametric hazard models are selected; for the gap after work duration the log-logistic accelerated time model is selected. Finally, for the night sleep duration the multilevel linear model is selected. In terms of fitting the observed data, the gap after work duration model gives the best fit, followed by the work duration component. The goodness-of-fit for gap before work duration and night sleep duration are the same. In terms of overall features of the selected component models, the night sleep duration models have the least number of covariates and a higher number of random effects. In terms of covariate effects, the age of the person does not show any significant effect in any model. Variables representing the commuting modes show that the motorized modes compete with nonmotorized models as a whole. A notable contribution of this paper to the existing literature of activity-based travel demand analysis is the application of the Gompertz distribution in modelling duration of the events. This distribution shows greater flexibility in fitting the observed activity diary date better, especially for the activities with fixed commitments (work)
In terms of application, the modelling system is capable of capturing day-to-day dynamics of worker's daily life, which is essential for transforming the single-day activity scheduler to a weeklong scheduler. Even for the single-day scheduler it provides better input of the regular or skeletal components of workers' daily life. For instance, the current model TASHA [see 10] uses random draws from observed distributions to generate work episode durations, etc. This approach is not policy sensitive (do not contain the key policy variable according to causal relationship at this level). So the modelling system developed and described in this paper provides potential to go beyond the scope of static distributions and achieve behavioural validity together with greater policy sensitivity. Figure 1 Graphical Presentation of the SWDAS Components Table 1 Gap Duration Before Work -Work Start Time Models Table 2 Work Episode Duration Models Table 3 Gap Duration After Work Before Night Sleep -Night Sleep Start Time Models Table 4 Night Sleep Duration Models 
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